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Abstract 11 
In the face of global population growth and the uneven distribution of water supply, a better 12 
knowledge of the spatial and temporal distribution of surface water resources is critical. Remote sensing 13 
provides a synoptic view of ongoing processes, which addresses the intricate nature of water surfaces 14 
and allows an assessment of the pressures placed on aquatic ecosystems. However, the main challenge 15 
in identifying water surfaces from remotely sensed data is the high variability of spectral signatures, 16 
both in space and time. In the last 10 years only a few operational methods have been proposed to map 17 
or monitor surface water at continental or global scale, and each of them show limitations. The 18 
objective of this study is to develop and demonstrate the adequacy of a generic multi-temporal and 19 
multi-spectral image analysis method to detect water surfaces automatically, and to monitor them in 20 
near-real-time. The proposed approach, based on a transformation of the RGB color space into HSV, 21 
provides dynamic information at the continental scale. The validation of the algorithm showed very few 22 
omission errors and no commission errors. It demonstrates the ability of the proposed algorithm to 23 
perform as effectively as human interpretation of the images. The validation of the permanent water 24 
surface product with an independent dataset derived from high resolution imagery, showed an accuracy 25 
of 91.5% and few commission errors. Potential applications of the proposed method have been 26 
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identified and discussed. The methodology that has been developed is generic: it can be applied to 27 
sensors with similar bands with good reliability, and minimal effort. Moreover, this experiment at 28 
continental scale showed that the methodology is efficient for a large range of environmental 29 
conditions. Additional preliminary tests over other continents indicate that the proposed methodology 30 
could also be applied at the global scale without too many difficulties.  31 
 32 
1. Introduction 33 
In the face of global population growth and the uneven distribution of water supply, a better 34 
knowledge of the spatial and temporal distribution of surface water resources is critical to support 35 
sustainable development policies and activities (Vörösmarty et al., 2000).  As changing climate impacts 36 
the hydrological cycle and interferes with freshwater resources (Ohmura and Wild, 2002), lake maps 37 
and water level are two recognized critical parameters among the Essential Climate Variables (ECV) 38 
required to support climate change analyses called for by the Convention on Climate Change 39 
(UNFCCC) (GCOS 2011).  Beyond the ECV, a timely global water surfaces monitoring capacity would 40 
provide all countries with access to critical information on floods and droughts, both of which have 41 
dramatic economic and human impacts (Alsdorf and Lettenmaier, 2003).  Such monitoring is crucial for 42 
many applications including human and animal health (Lacaux et al., 2007; Ceccato et al., 2010), 43 
foodsecurity (agriculture, cattle breeding, aquaculture, gardening) (Thebaud and Batterbury 2001; 44 
Breman et al., 2001, Brouwer 2003; Hein 2006; Hass et al., 2011), and biodiversity protection. 45 
(Vörösmarty et al. 2000, UNESCO 2009).   46 
Besides all of these, an accurate time-dependent depiction of land and water is critical for the 47 
production of land surface parameters from remote sensing data products.  The accuracy of others 48 
parameters, such as land surface temperature, active fires and surface reflectance, can be improved by 49 
defining whether the underlying surface is covered by water or not.  Substantial errors in the underlying 50 
water mask are known to pervade into these parameters and any product derived from them (Carroll et 51 
al., 2009).   52 
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Remote sensing provides a synoptic view of ongoing processes, which addresses the intricate nature of 53 
water surfaces and allows an assessment of the pressures placed on aquatic ecosystems (Goetz et al. 54 
2008).  Large reflectance datasets at medium resolution with high revisit frequency are becoming widely 55 
available. It is therefore possible to develop, assess and implement methodologies to map water 56 
surfaces and monitor their evolution in near-real time at the continental scale, based on such data.  57 
However, the main challenge in identifying water surfaces from remotely sensed data is the high 58 
variability of spectral signatures.  The spectral properties of water are determined by the 59 
electromagnetic interaction of light with the constituent components of water via absorption or 60 
scattering processes. These constituents are: phytoplankton (chlorophyll-a), suspended sediments (i.e. 61 
solid particulate matter with a diameter smaller than two millimetres resulting from erosion processes) 62 
and coloured dissolved organic matter (CDOM) resulting from the degradation of biological organisms.  63 
All these constituents vary in character and amount according to the limnological/optical types, season, 64 
cyclical change of biological activity and human impact, and play an important role in determining 65 
intensity of the absorption and scattering processes (Helgi, 2003).  Consequently, the water-leaving 66 
radiance detected by the sensor shows great spatial and temporal variability, which makes the reliable 67 
discrimination of water particularly difficult (Gond et al. 2004), specifically at continental scale where a 68 
large range of water conditions may be expected.  69 
 70 
In the last 10 years, only a few methods applied to datasets with a spatial resolution equal or higher 71 
than 1km, have been proposed to map or monitor surface water at continental or global scale. Among 72 
these, the most recent and operational methods (i.e. in production and availability to the user 73 
community) which offer satisfactory quality are: (i) the Shuttle Radar Topography Mission Water Body 74 
Dataset (SWBD 2005), (ii) the Small Water Bodies (SWB) monitoring product derived from SPOT 75 
VEGETATION (VGT) (Bartholomé et al., 2008) and (iii) the Moderate Resolution Imaging 76 
Spectroradiometer (MODIS) 250m land-water mask (MOD44W) (Carroll et al., 2009).  77 
 78 
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The SWBD product has a high spatial resolution (30m), and offers superior performances over spectral 79 
data, in cloudy areas such as the humid tropics thanks to the cloud penetrating properties RADAR.  80 
However, all observations were made within 11 days in February 2000, meaning that only the specific 81 
conditions of that particular period are captured in the product. For instance, February corresponds to 82 
the dry season in semi-arid regions of the Northern hemisphere such as the Sahel, a season 83 
characterized by low water levels or even drying out in many seasonal water bodies. In addition, this 84 
product can be considered as outdated for some applications.  85 
 86 
The SWB product is an operational monitoring system of water surfaces at the African scale 87 
(Bartholomé et al., 2008).  It makes use of 10 day Normalized Difference Vegetation Index (NDVI), the 88 
Normalized Difference Water Index (NDWI), and MIR syntheses of VGT data and is based on a 89 
contextual algorithm (Gond et al., 2004) exploiting the local contrast of the water surface with respect 90 
to the surrounding region.  The product was developed and validated for sub-humid and semi-arid 91 
regions in Africa, where it performs well (Haas, 2010).  However limitations have been observed over 92 
dense vegetation areas which prevent the successful application at continental scale. In addition, the 93 
1km spatial resolution is an intrinsic limitation of the product.  Nevertheless, the combination of eight 94 
years of small water body monitoring data demonstrates the value of the multi-annual approach to 95 
capture water bodies that do not replenish every year in relation to seasonal rainfall patterns (Hass et al., 96 
2009). 97 
 98 
The MOD44W, is a 250m land/water mask that constitutes a valuable improvement over the other 99 
masks, specifically considering that the principal purpose of this product is to ensure that terrestrial and 100 
oceanic algorithms are applied to the appropriate pixels (Carroll et al., 2009).  The main body of the 101 
product was created using the SWBD aggregated to 250m and this was supplemented with MODIS 102 
250m data as necessary. Nevertheless, the use of this mask for other applications is constrained by its 103 
characteristics.  Indeed, for temporal consistency reasons, the SWDB was supplemented with MODIS 104 
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images from the years 2000 and 2001 and is therefore outdated for some applications. In addition, 105 
temporary water bodies are not comprehensively mapped, for example, those that do not replenish 106 
every year.  107 
 108 
The objective of this study is to develop and demonstrate the adequacy of a generic multi-temporal and 109 
multi-spectral image analysis method to detect water surfaces automatically, and to monitor their 110 
seasonal variability in near-real-time.  The approach is applied at continental scale in order to evaluate 111 
the methodology for a large range of ecosystems, as a first step towards global scale coverage. 112 
Three constraints are identified a priori, as follows: (i) In order to achieve a robust and reliable 113 
discrimination of water surfaces from other land cover types, a consistent identification of the various 114 
targets is required independently of the observation conditions, i.e. the particular location, time and 115 
geometry of observations and their intrinsic variations (e.g. cyclic change of biological activity or 116 
composition). (ii) The developed methodology has to be generic in order to be applied to similar 117 
sensors with a high reliability and with no geographic restrictions. (iii) The processing should not be too 118 
time-consuming, to allow real-time image analysis for early warning applications. 119 
 120 
The detection algorithm and the permanent water surface mask are both validated.  First the ability of 121 
the proposed algorithm to perform as well as a photointerpretation of the image is assessed by applying 122 
the proposed methodology to a dedicated sampling including 20.000 points of water and 20.000 points 123 
of land surface pixels collected by photo-interpretation.  Second, the mask of permanent water surface 124 
is validated against an independent dataset including 55944 objects which were visually delineated and 125 
interpreted based on Landsat and Aster imagery at 30m resolution  spread all over the African 126 
continent.   127 
 128 
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In the framework of this study, the water surfaces considered are restricted to “free water surface” i.e. 129 
water surfaces without vegetation coverage.  In other words, swamp vegetation (e.g. swamp forest, 130 
bushland and grassland) and floating vegetation areas are not considered by the proposed methodology. 131 
 132 
2. Data 133 
This section describes the data used for the water surface detection study, i.e. (i) the daily surface 134 
reflectance data from MODIS and from VGT, and (ii) the 8-day Land Surface Temperature (LST) 135 
product.   136 
For the validation step, the permanent water surface product is compared with the Important Bird 137 
Areas (IBAs) dataset (Beresford et al., 2013), described in section 5.3.2.  138 
 139 
2.1. Daily surface reflectance 140 
Four MODIS daily products (collection version 5, L2G) were used: (i) Aqua surface reflectance at 141 
250m (MYD09GQ), (ii) Terra surface reflectance at 250m (MOD09GQ), (iii) Aqua surface reflectance 142 
at 500m (MYD09GA), and (iv) Terra surface reflectance at 500m (MOD09GA).  These data were 143 
downloaded from the Land Processes Distributed Active Archive Center (LP DAAC). Three spectral 144 
bands were used: the red (band 1) and the near-infrared (NIR / band 2) at 250m spatial resolution and 145 
the middle infrared (MIR / band 7)) at 500m spatial resolution.  The dataset covers the entire African 146 
continent over a seven-year period, from 2004 to 2010.  147 
The second dataset consists of daily SPOT VEGETATION (S1) surface reflectances at 1km. As for 148 
the MODIS time series, three spectral bands were used: the red, the NIR and the MIR. The dataset is 149 
used to assess the possibility to generalize the proposed methodology to others sensors. 150 
 151 
 152 
 153 
 154 
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2.2. Land Surface Temperature 155 
The MODIS land surface temperature products (collection version 5) used in this study are the Aqua 8-156 
day LST & Emissivity (MYD11A2) at 1 km spatial resolution.  These data were also downloaded from 157 
the LP DAAC. The MODIS LST is derived from two thermal infrared band channels, i.e. 31 (10.78–158 
11.28 μm) and 32 (11.77–12.27 μm) using the split-window algorithm (Wan et al., 2002) which corrects 159 
for atmospheric effects and uses an emissivity look-up table based on global land surface emissivity in 160 
the thermal infrared (Snyder et al., 1998).  The dataset covers the entire African continent over a four-161 
year period, from 2005 to 2008. 162 
 163 
3. Concept and rationale 164 
It is worthwhile to note that a robust automatic detection of water surfaces is challenging (Gond et al, 165 
2004), although they can be easily discriminated by photo interpretation of a MIR, NIR, Red color 166 
composite image.  In that color composition, the water surface is manifested by colors ranging from 167 
light blue to dark blue up to black (Figure 1). 168 
 169 
[Insert Figure 1 around here] 170 
 171 
Consequently, to meet the study objectives and to account for the great spatial and temporal variability 172 
of the water-leaving radiance detected by the sensor, a multi-temporal colorimetric approach is used. 173 
Such an approach mimics part of the human vision recognition process, and was proposed and 174 
validated successfully by Pekel et al. (2011) for the automatic monitoring of the sparse vegetation in arid 175 
and semi-arid areas.  The rationale is that the perceived color in the color composition is directly 176 
determined by the shape of the spectral signature of the target.  Consequently, it is possible to associate 177 
a land cover type to a range of colors.  Several color spaces are commonly used in image processing. 178 
RGB is the most widely used space but is not necessarily the best adapted for image analysis (Cheng et 179 
al, 2001). Indeed, this color space model presents three main issues, as follows.  (i) In the RGB color 180 
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space, the Euclidian proximity of colors does not indicate color similarity (Carron et al., 1994; Cheng et 181 
al., 2001; Dony et al, 1999). (ii) It is very difficult to isolate accurately a specific color in this color space 182 
using a threshold based approach.  (iii) There is a high correlation between the three components which 183 
makes them dependent upon each other and strongly associated with intensity (Littman et al., 1997; 184 
Pietikainen, 1996).  Therefore, if the intensity changes in a time series, e.g., due to angular or 185 
atmospheric effects, the three components will change accordingly. Consequently, when one target is 186 
observed under different conditions, its location in the RGB space will change, even if its intrinsic 187 
properties (e.g., water sediment load, phytoplankton and CDOM concentration) remain constant.  188 
Based on these limitations, we propose to convert the RGB color space into the HSV (Hue, Saturation, 189 
and Value) space where the chromaticity (H and S) and the brightness (V) components are decoupled. 190 
This model is well adapted for developing a color image processing methodology requiring color 191 
specification for target identification and extraction (Smith, 1978).  The H gives the spectral 192 
composition of the perceived color, i.e. the visual perceptual property corresponding to the categories 193 
called red, yellow, blue and others. It is defined as an angle between 0° and 360°.  S is determined by 194 
the proportion of reflectance of the dominant wavelength across the spectrum of the different 195 
wavelengths and indicates how far a color is from a gray of equal brightness.  V is defined as the 196 
brightness of the color.  The H manifests only one part of the information content of the multispectral 197 
measurement but it is worthwhile to note that it is a key component in the human recognition process. 198 
This can be illustrated by considering the photo-interpretation of a light blue water surface in a MIR, 199 
NIR, Red color composition. A change in V would lighten or make it darker, while a change in S would 200 
change the color from pale blue to a deep blue.  Each of these changes could be associated with 201 
changes in the concentration of water constituents (i.e. phytoplankton, suspended sediments, CDOM).  202 
On the other hand, a change from blue to another color (e.g. green, pink) would be interpreted as a 203 
land cover change. Indeed, different land cover types such as water, bare soils and vegetation could 204 
have the same S and V, but their H values would be different. In other words, it is possible to associate 205 
a land cover type to a range of H but not to a range of S or V.  However, the exception to this rule is 206 
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that very low V that can only be associated to water surface as long as the instrument sensitivity is 207 
sufficient. Indeed, oligotrophic water (i.e. water with a very low constituent load) manifests the 208 
strongest absorption of all natural targets in the MIR, NIR and Red bands.  This specificity allows us to 209 
ignore the chromatic irrelevance of the H observed under specific “achromatic” conditions (Carron et 210 
al., 1994; Pekel et al., 2011) by using jointly the H and V component of the HSV color space as 211 
explained later in this paper.  212 
An extensive bibliographical search did not identify any other studies demonstrating the separability of 213 
the water and the land surface groups thanks to a multispectral colorimetric approach. Nevertheless, a 214 
method based on a HSI transformation was proposed by Jiang et al., (2012) for water body delineation 215 
of Landsat imagery over southeastern China.  Beyond the slightly different color space (the difference 216 
between HSI and HSV is the computation of the brightness component: I, V), the difference in sensor 217 
and the associated spatial resolution, the methodologies differ in the fact that the color space 218 
transformation is applied on vegetation index compositions (i.e. NDVI, NDBI, MNDWI) and not 219 
directly on the multispectral information (i.e. MIR, NIR, Red) as proposed in the present study.  220 
 221 
To convert the RGB color space into a HSV color space (see section 4.2), it is necessary to “tilt” the 222 
RGB color cube, keeping its “black” vertex fixed at the origin, so that the diagonal of the RGB color 223 
cube (named achromatic axis) is vertical and that the Red, Green and Blue axes are symmetrically 224 
arranged around the vertical axis which corresponds to the V axis of the HSV space.  This 225 
transformation corresponds to the geometric relationship between the RGB and the HSV systems 226 
(Figure 2) (Ledley et al., 1990).  227 
 228 
[Insert Figure 2 around here] 229 
 230 
This transformation is interesting because the chromaticity (H and S) and the overall brightness (V) 231 
components are decoupled.  Indeed, every orthogonal projection of a point on the achromatic axis 232 
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allows determining the overall brightness (V) independently of its chromaticity (H and S).  What this 233 
means is that colors varying only in brightness are co-linear whereas colors varying in chromaticity are 234 
separate by an angle θ.  235 
 236 
4. Data pre-processing 237 
Three pre-processing steps are needed to derive the variables required for the water detection: (i) the 238 
compositing of surface reflectance images, (ii) the image color space transformation, and (iii) the 239 
computation of the LST average diurnal amplitude.  For each step, the concept, rationale and 240 
methodology are briefly described in the following sections. 241 
 242 
4.1. Surface reflectance compositing 243 
The daily MODIS surface reflectance images are composited over “10-day periods”, i.e. days 1 to 10, 244 
11 to 20 and 21 to the end of each month, using the Mean Compositing methodology (Vancutsem et 245 
al., 2007a; Vancutsem et al., 2007b) that averages the cloud free reflectance values from both Aqua and 246 
Terra, after removal of incorrect values using the standard data quality flags provided with the data.  247 
The resulting composites are mosaiced and reprojected from sinusoidal to Lat/long projection 248 
(WGS84 datum).  The MIR channel is resampled (nearest-neighbor method) from 500 m to 250 m. 249 
This compositing method offers two advantages: (i) to reduce both the bi-directional reflectance 250 
distribution function (BRDF) effects and the possible remaining perturbation after atmospheric 251 
correction and cloud removal, and (ii) to reduce the computing time.  The method has been used in 252 
various land cover mapping projects such as the Global Land Cover 2000 (GLC2000) (Bartholomé and 253 
Belward, 2005; Mayaux et al., 2004) and the Globcover project (Defourny et al., 2009; Arino et al., 2011), 254 
for land cover monitoring (Pekel et al., 2011) as well as to derive seasonal indicators for spatial 255 
prediction of food vulnerability (Marinho and Gerard, 2008). 256 
The daily SPOT VGT surface reflectance images are composited using the same compositing 257 
methodology over the same “10-day periods” as used for processing MODIS time series. 258 
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4.2. Composite color space transformation 259 
The 10-day MIR, NIR, and Red values are assigned to Red, Green, and Blue colors respectively (RGB) 260 
and transformed into the HSV color space using a standardized colorimetric transformation (Smith, 261 
1978), as expressed by the Equations 1 to 3.  This transformation is the faster version of the conversion 262 
from RGB to HSV as it does not contain any trigonometric functions or other functions requiring 263 
high-performance computation.  Hence, these are quite fast to perform at pixel level, which will 264 
support the need for real-time monitoring. 265 
                  (Equation 1) 266 
                   (Equation 2) 267 
              (Equation 3) 268 
The H-V subspace is used later on in the water surface detection process. 269 
 270 
4.3. LST average diurnal amplitude 271 
Both LST night and day composited products (8-day) are averaged separately over four years (2007-272 
2010) of data to derive respectively night and day average temperature products.  The average diurnal 273 
amplitude is obtained from the difference between these two average products at the continental scale.  274 
It is used as a proxy for the thermal inertia of the surfaces (Price, 1997; Frank et al., 1999; Veroustraete 275 
et al., 2012), and is resampled (nearest-neighbor resampling) from 1000m to 250 m.  This rough 276 
estimation of thermal inertia is sufficient for the scope of this study, since we are exclusively interested 277 
in the diurnal amplitude of a specific surface type in the desert, as explained later in this paper.  278 
 279 
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5. Methodology  280 
This section describes (i) the free water automatic detection methodology, (ii) the free water surfaces 281 
temporal characterisation and (iii) the evaluation step. 282 
 283 
5.1. Free water surfaces automatic detection methodology 284 
The free water surface detection is based on identifying regions in the H and V space derived from the 285 
MIR, NIR, Red MODIS dekadal composites.  In order to determine the discrimination criteria, a large 286 
sample of objects corresponding to 5.9 million free water pixels and to 8.6 million land surface pixels 287 
spread both in time (i.e. different seasons and different years between 2004 and 2010) and space (i.e. 288 
different biomes, from desert to dense humid forest) was assembled.  This was done using photo-289 
interpretation of MIR, NIR, Red MODIS color composites combined with a region growing selection 290 
tool while checking the surface status with high-resolution images on Google Earth (GE) and with the 291 
NDVI temporal profiles as necessary.  In this way, the spectral, spatial (contextual analysis) and 292 
temporal information are used simultaneously at different spatial resolutions to facilitate the photo-293 
interpretation.  The collected pixels are as “pure” as possible (e.g. not located along the edges between 294 
targeted features).  295 
A random subsampling, i.e. 20.000 free water surface pixels and 20.000 land surface pixels, was 296 
separated and retained for algorithm validation purposes (see section 5.3.1), and obviously not used for 297 
the discrimination analysis. 298 
The remaining training samples allowed a very precise and exhaustive spectral characterisation of the 299 
“free water surfaces” (including lakes, dams, rivers, temporary and permanent water bodies, with 300 
different suspended sediments and organic loads, and from different seasons) and the “land surfaces” 301 
(including sand, rocks, lava flows, bright and saline soils, steppes, savanna, shrubs, dry forests, humid 302 
forests, swamp forests, swamp bushland and grassland, rainfed and irrigated cropland, cities). 303 
The colorimetric properties of both categories (i.e., “free water surfaces” and “land surfaces”) are 304 
remarkably well separated in the H-V space.  This is illustrated in Figure 3, showing the relationship 305 
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between the “water cluster” (blue) and the “land cluster” (orange) in the H-V space. In this space, the 306 
maximum density area of both clusters is relatively compact and distant from one another.  307 
 308 
[Insert Figure 3 around here] 309 
 310 
Therefore they can easily be discriminated through empirical thresholds, which considerably reduce the 311 
processing time, an essential factor for near-real-time processing.  These thresholds are symbolised by 312 
the red lines in Figure 3 and are described by the Equations 4 to 7.  313 
 314 
Hue < ( -0.3593 * Val ) + 360         (4) 315 
or  316 
Hue > ( 0.0363 * Val ) + 75.853         (5) 317 
or  318 
Hue > ( 0.054 * Val ) + 150.04        (6) 319 
and   320 
Val < 5500            (7) 321 
 322 
As shown in Figure 1, the range of H for the “free water” cluster is centred on 220° and is larger as the 323 
V is lower.  For the lower V, H is unstable and can cover all the possible H values (i.e. from 0° to 324 
360°).  Indeed, near the axis of the HSV cone, i.e. in low intensity or in low saturation conditions, a 325 
slight change of input R, G, and B values (i.e. MIR, NIR, Red bands) can cause a large jump in the 326 
transformed H values (singularity domain) (Chapron et al, 1992).  Such H values are obviously 327 
irrelevant from a chromatic point of view and concern “achromatic” pixels (Pekel et al., 2011).  In our 328 
area of interest, these pixels concern exclusively water surfaces, characterized by a very strong 329 
absorption (i.e. water surface with a low sediment load and a low concentration of both algae and 330 
CDOM).  The irrelevance of the H for this specific condition is not an obstacle to proper 331 
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discrimination, since it can be overcome by using the V together with the H.  Indeed, only water 332 
surfaces can manifest such low V preventing the use of the H.  333 
 334 
For the remaining cases where an overlap between the two categories is observed in the H-V space (see 335 
Figure 3, area C), an additional discrimination criterion is needed.  The analysis of the location of the 336 
“no water” pixels belonging to the overlap area in the H-V space showed that they are located 337 
exclusively on dark lava flow areas located mainly in the Sahara desert.  This concerns a very small 338 
extent of the continent and is easily removed by using a mask built in three steps:  339 
 A first mask based on equations 1 to 4 is derived from the analysis of the seven years‟ time 340 
series.  This mask identifies as “potential” permanent water surfaces, all pixels which are 341 
detected as “water” in more than 95% of cases throughout the time series.  Obviously, this 342 
mask includes also pixels that are located on dark lava flows.  It is therefore defined as 343 
“permanent water and lava”.  344 
 The second step consists of discriminating permanent water surfaces from the other surfaces by 345 
applying a threshold on the average LST amplitude product.  Indeed, water surfaces display a 346 
strong inertial resistance to thermal fluctuations which translate into low temperature variation 347 
during the diurnal heating/cooling cycle as controlled largely by water's high specific heat and 348 
by convection (e.g., upwelling) and turbulence (e.g. wave action) that tends to homogenise the 349 
water volume and its temperature (Nicholas et al., 2005). Conversely, the energy transfer of 350 
dark-coloured lava flows is primarily by conduction, and heat energy tends to be concentrated 351 
near their surface, causing very large thermal amplitude during the diurnal cycle (up to 25°C).  352 
Therefore the average LST amplitude is a good parameter for producing a mask of non-water 353 
surfaces.   354 
 A final “dark lava” mask is created, which combines the categories “permanent water and lava” 355 
of the first mask with the category “all other categories” resulting in a highly specific “no 356 
permanent water mask”, allowing the “no water” pixels present inside the overlap area in the 357 
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H-V space to be discarded.  The limits of the overlap area do not need to be defined very 358 
accurately, as the pixels will be identified as “free water surface” or “land surfaces” according to 359 
their geographic location in the “dark lava mask” rather than to their spectral properties.  360 
Consequently, the overlap area is delimited in a very conservative way by Equations 8 to 11.  361 
 362 
Hue > ( -0.3593 * Val ) + 360         (8) 363 
and  364 
Hue < ( 0.0388 * Val ) + 195          (9) 365 
and  366 
Hue < ( -0.0445 * Val ) + 270         (10) 367 
and  368 
Hue > ( 0.0366 * Val ) + 75.853         (11) 369 
 370 
A flood event over dark lava cannot be excluded.  Therefore, the “dark lava” mask is applied 371 
exclusively if the pixel value falls inside the limits of the overlap area in the H-V space defining the 372 
confusion domain between the two clusters. 373 
 374 
5.2. Free water surface temporal characterisation 375 
The pixel based detection methodology can be used to characterise the temporal behaviour of each 376 
water surface, by applying the detection methodology to dekadal (or any others ad hoc frequency) 377 
images.  This temporal characterisation requires a few additional steps in order to deal with the possible 378 
temporal discontinuity in the detections.  Indeed, missing water detections can be observed mainly due 379 
to two factors: 380 
- A lack of observations preventing water detection.  This can result from both a long period of 381 
cloud contamination and/or to a failure of the atmospheric correction algorithm. Indeed, 382 
atmospheric corrections are optimized for land surfaces. Consequently, overestimation of 383 
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aerosol optical properties is common over areas presenting very low water-leaving reflectance, 384 
and induces “negative water-leaving reflectance” in the corrected images (Chen and Yu, 2009). 385 
This overcorrection effect occurs notably over some of the biggest African lakes (e.g. Lakes 386 
Victoria, Tanganyika, Malawi) and manifests itself spatially randomly, as “no data” in the daily 387 
corrected observations.  388 
- A failure of the water detection algorithm that manifests itself by both isolated false detections 389 
and missed detections. This occurs with a low occurrence and almost exclusively over the dense 390 
humid forest along the Gulf of Guinea from Liberia to Gabon where almost permanent cloud 391 
cover associated with the imperfections of the MODIS cloud mask (available only at 1km 392 
spatial resolution) induce a lower signal/noise ratio in the 10-day composited reflectance values 393 
that can prevent a proper detection.  394 
In order to solve this problem, two temporal morphological filters are applied: first an opening filter, 395 
which removes the isolated (i.e. one detection) “false” water detections, followed by a closing 396 
morphological filter with a kernel size of three dekads. The latest exclusively fills the “no data” gaps 397 
only when the period lasts for a maximum of three dekads and is surrounded by periods of a minimum 398 
of two dekads of water detection.  This allows the filling of most observation gaps occurring over some 399 
of the biggest lakes, without modifying the temporal profiles of the temporary free water surfaces. 400 
 401 
5.3. Validation 402 
The evaluation step consists of (i) validating the detection algorithm, and (ii) validating the permanent 403 
water surface mask with an independent dataset.   404 
 405 
5.3.1. Algorithm validation 406 
The objective of the validation is to evaluate the ability of the proposed algorithm to perform as well as 407 
a photointerpretation of the image.  The efficiency of the detection algorithm has been assessed by 408 
applying the proposed methodology to a dedicated sample consisting of 20.000 points of water and 409 
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20.000 points of land surface pixels.  This pixels where collected by photo-interpretation of MIR, NIR, 410 
Red color compositions (the protocol is described in the section 5.1). The comparison between the 411 
automatic classification output and the photo-interpretation results allows for the computation of a 412 
comparison matrix between the two approaches. 413 
  414 
5.3.2 Validation of the permanent water surface product 415 
The mask of permanent water surface (i.e. surfaces detected as water in more than 95% of cases 416 
throughout the 7-year time series) derived from MODIS reflectance using the approach proposed in 417 
this paper has been compared with the “Important Bird Areas (IBA)” dataset (Beresford et al., 2013).  418 
This dataset is used in our study as an independent proxy of ground truth.  IBAs are sites of global 419 
significance for bird conservation which frequently include water surfaces.   The dataset includes multi-420 
temporal sample points from 97 natural areas spread all over Africa, and is the result of an independent 421 
study funded by the Cambridge Conservation Initiative and carried out by the Royal Society for 422 
Protection of Birds (RSPB).  The study focused on the detection of changes in land-cover by expert 423 
interpretation of Landsat and Advanced Spaceborne Thermal Emission and Reflection Radiometer 424 
(ASTER) imagery at 30m resolution (Buchanan et al., 2009), following the sample-based approach of 425 
Brink and Eva (2009) and using dedicated software (Simonetti, 2011).  At each sample site, and for each 426 
time period, the dominant land-cover was identified by the RSPB team, and recorded as one of eleven 427 
broad land-cover categories, based on the Land Cover Classification System (LCCS) (Di-Gregorio and 428 
Jansen, 2000), namely: open water, flooded vegetation, closed forest, open forest, mosaic of natural and 429 
agricultural vegetation, shrub, herbaceous, tree and shrub crops, arable agriculture, and herbaceous, 430 
urban or bare.  The full methodology and results are described in Beresford et al. (2013).  For the 431 
purposes of this study, it is important to note that validation of a sub-sample of 800 IBA objects 432 
against contemporary GE imagery, the classification accuracy of „open water‟ for this dataset was found 433 
to be 100%. 434 
 435 
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In order to assess consistency between the IBA dataset and the results of the proposed detection 436 
methodology, IBA objects (i.e. sample points) from two time periods were used: 1995-2004 and 2005-437 
2009.  This represented 55944 objects which were visually delineated and interpreted based on Landsat 438 
and Aster imagery at 30m resolution.  In each time period only one satellite image was viewed and 439 
classified.  As the dataset does not contain information about the acquisition date of the images used 440 
for the photo interpretation, we cannot use it as a time-dependent reference dataset.  Consequently, we 441 
decided to consider objects which have been identified as „open water‟ in both time periods as 442 
„permanent water surface‟.  Obviously, this is not a guarantee of water permanence, and is likely to 443 
haves lightly overestimated this class.  The „permanent water surface‟ corresponds to 8.4% of the 55944 444 
sample objects.  Since many IBAs are close to, or associated with water, this high rate is not surprising.  445 
These objects which are considered as „permanent water surface‟ have been used to evaluate the 446 
omission errors (i.e. no detection of a permanent water surface where RSPB recorded water in both 447 
time periods, indicating the likely presence of a permanent water surface on the ground). 448 
All other objects recorded as one of the other Land-cover categories (i.e. closed forest, open forest, 449 
mosaic of natural and agricultural vegetation, shrub, herbaceous, tree and shrub crops, arable 450 
agriculture, urban or bare) in one or both of the time periods have been used to evaluate the 451 
commission errors (i.e. detection of a permanent free water surface where RSPB recorded no water in 452 
both time periods, indicating a likely absence of permanent water surface on the ground).  453 
The objects identified as „flooded vegetation‟ in one or more time periods were also used.  The 'flooded 454 
vegetation' class, in contrast to the „open water‟ class, should not be recorded as permanent water 455 
unless the flooding is in an almost permanent state. These objects have been used to 456 
qualify/understand part of the omission errors.   457 
 458 
Finally, for each of the three following categories: “permanent water surface”, “permanently flooded 459 
vegetation” and “other surfaces” (i.e. closed forest, open forest, mosaic of natural and agricultural 460 
vegetation, shrub, herbaceous, tree and shrub crops, arable agriculture, urban or bare) from the IBAs 461 
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dataset, we checked if the entire object was included (or majoritarly included) in a surface detected as a 462 
“permanent water surface”, or as a “no water surface” by the proposed algorithm.  Based on this 463 
comparison, both the commission and omission errors were estimated and discussed. 464 
 465 
6. Results  466 
The results of the validation are presented in this section: (i) the validation of the detection algorithm 467 
and (ii) the validation of the permanent water surface mask using an independent dataset (IBAs) 468 
derived from high resolution imagery.   469 
 470 
6.1 Algorithm validation 471 
The validation of the algorithm based on 40,000 samples of water and non-water pixels (Table 1) shows 472 
few omission errors (6.3%) and no commission errors for the water class.  The absence of commission 473 
errors was expected, since the thresholds have been defined in order to reduce as much as possible 474 
these errors that induce false alarms, e.g. a false flooding event.  In spite of this constraint, the ability of 475 
the proposed algorithm to perform as well as a photointerpretation is confirmed with an overall 476 
agreement of 96.9%. 477 
 478 
6.2. Permanent water surfaces product validation  479 
Of the 4699 IBAs objects identified as having free water at two dates, 91.5% were completely inside the 480 
250m water pixels of the “permanent water surface” map.  The remaining objects could be understood 481 
as errors of omission, but could also be partially due to an overestimation (as explained in 5.3.2) of the 482 
surfaces considered as “permanent water surface” derived from the IBAs dataset.  483 
The errors of commission (i.e. where IBAs dataset recorded no water in both time periods, but the map 484 
shows permanent water) can be similarly quantified.  Out of 51244 objects which were not classified as 485 
“open water” on either time period, only 0.5% where confused with a “permanent water surface”.  A 486 
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further 0.2% of these objects were classified as “flooded vegetation” in both years.  From a thematic 487 
point of view, the “permanently flooded vegetation” can be considered as being close to a “permanent 488 
water surface”, specifically if the density of the vegetation allows a partial view of the water surface.  489 
The vast majority of the remaining 0.3% of disputed objects occurs along the coast. The coastline of 490 
the IBA dataset was not identified using the high resolution imagery, but was derived from an 491 
independent atlas recording bathymetry and coastlines (IOC, HOC and BODC, 2003).  In the majority 492 
of cases, these disputed objects appear to represent differing interpretations (e.g. tidal) of where the 493 
coast (i.e. the permanent water) actually is. 494 
 495 
7. Discussion  496 
In the following section, we discuss the potential exploitation of the proposed water detection 497 
algorithm for (i) monitoring temporary water surfaces, (ii) characterising the temporal behavior of water 498 
surfaces, (iii) improving atmospheric corrections, (iv) developing an early warning system. In addition, 499 
(iv) the generalization of the methodology (both spatially and to other sensors) is discussed. 500 
 501 
7.1. Monitoring temporary water surfaces 502 
Based on the dekadal detections, a mask of water surface occurrence at the continental scale and at 503 
250m was produced based on a 7-year time series.  This map records, on a per-pixel basis, the time 504 
period (as a percentage) during which a surface was detected as water.  Figure 4 shows a comparison 505 
between the produced occurrence map, the MOD44 water mask and Landsat images (the GeoCover 506 
mosaic covering the period 1990-2000) for four areas: Niger, Mauritania, Mali, and Egypt.  This 507 
comparison highlights both the spatial and temporal consistency of the detections, as well as the 508 
relevance of a water surface occurrence map in comparison with a static map such as the MOD44W 509 
product, for the characterization of temporary water surfaces (seasonally flooded) in arid and semi-arid 510 
areas. 511 
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 512 
[Insert Figure 4 around here]  513 
 514 
7.2. Temporal characterization 515 
In addition, the proposed methodology allows the characterization of the temporal behavior of each 516 
water surface on a dekadal basis.  Two examples of such characterization are provided in figures 5, 6 517 
and 7. These figures show the temporal evolution of the water surfaces, respectively for the northern 518 
part of the inner Niger River delta in Mali and for the central basin of the Toshka lakes in Egypt. 519 
The inland Niger River Delta‟s lies in the Sahelian zone.  The variability of seasonal flooding of the 520 
delta depends mainly on rainfall over the upper reaches of the Niger River, and is related to the 521 
northward movement of the inter-tropical convergence and its inter-annual variability.  Consequently, 522 
only the lowest patches are flooded annually (see the dark blue areas in figure 4c): higher elevations are 523 
flooded more intermittently due to the variability of the water level rises.  This can be observed for the 524 
northern part of the delta in Figure 4 and 5. The temporal profiles of different seasonal flooded areas 525 
are provided for the years 2006-2007 (the location of each area is provided in figure 4c, on the water 526 
surface occurrence map) and shows both the inter-annual variability of the flooding and its spatially 527 
dependent temporal pattern.  528 
 529 
[Insert Figure 5 around here] 530 
 531 
The overflow from the Lake Nasser spillway created a chain of enormous lakes, called the Toshka 532 
lakes, in the middle of Egypt‟s Western Desert between 1998 and 2002.  Since that time, levels in the 533 
Toshka Lakes have been declining primarily by evaporation and to a lesser degree by infiltration. At the 534 
current rate, the remaining water will be lost to evaporation as the lakes will disappear in the next few 535 
years (UNEP, 2010). The progressive dry-out of such lakes can be monitored with the proposed 536 
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method.  Figure 6 shows both the color compositions and the corresponding water mask for the years 537 
2000, 2005, and 2010 and highlights the change in the extent of the lakes.  538 
 539 
[Insert Figure 6 around here] 540 
 541 
Figure 7 shows the temporal profiles in different locations of the central basin (each profile can be 542 
located using the water surface occurrence map  in Figure 4d).  Using these products, it is possible to 543 
monitor and to model the drying-out of the lakes.  Once again, this example highlights the need for 544 
better knowledge of the spatial and temporal distribution of surface water resources, and the relevancy 545 
of the proposed method. 546 
 547 
[Insert Figure 7 around here] 548 
 549 
The temporal behavior of the water surface can be characterized at 250m resolution, and at a 10-day 550 
frequency using a number of metrics such as: (i) the date of the first detection which can be considered 551 
as the establishment date, (ii) the period during which water is detected, (iii) the annual minimum and 552 
maximum extents.  In addition, the inter-annual variability can be characterized using the analysis of the 553 
historical detections, such as the seasonal recurrence and anomaly maps (e.g. computed on a dekadal, 554 
monthly, or seasonal base). 555 
 556 
7.3 Improvement of the atmospheric correction 557 
As mentioned in the introduction, an accurate time-dependent depiction of land and water is especially 558 
important in the atmospheric corrections that have to be applied differently on water than on land.  559 
NASA is currently using the MOD44 water mask that is a considerable improvement over the previous 560 
masks.  However as shown at the Figure 4, this mask is static and does not depict the temporal 561 
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behaviour of temporary water surfaces or even changes that occurred since 2001 (both dry out and 562 
emergence of water surfaces).  The use of a dynamic mask computed in near real time would constitute 563 
a significant improvement in the atmospheric corrections for those water surfaces that are seasonally 564 
changing within years or between years. 565 
 566 
7.4. Early warning system 567 
An early warning system highlighting and characterising drought and flooding events can be 568 
considered, especially if a multi-sensor approach with a high monitoring frequency is setup.   569 
This could be achieved by computing anomaly indices based on the long term observations with 570 
respect to the same periods in the past (e.g. same dekad).   571 
A parametric system allowing the generation of automatic alerts in case of anomalies in water 572 
occurrence (i.e. both regarding the seasonality and the presence/absence) is feasible.  It could be done 573 
both at a continental scale and at a regional scale, with different parameters and levels of alert 574 
depending on the purpose of the alert and the severity of the events (e.g. flooding extent, delay in the 575 
establishment, early or late dry out).    576 
 577 
7.5. Generalization of the methodology 578 
The methodology proposed is generic and can be applied to other existing or scheduled sensors with 579 
similar bands such as VGT, Proba V, the forthcoming, Sentinel 2 and 3, the Visible Infrared Imager 580 
Radiometer Suite (VIIRS) on the NPP satellite, and potentially to high spatial resolution sensors such as 581 
the Landsat TM series, or (for Africa and Europe) to very high temporal resolution sensors  such as the 582 
Meteosat Third Generation (10 minutes repeat cycle, and 1km/500m spatial resolution).  583 
Successful preliminary tests where done based on the VGT sensor at continental scale, and the results 584 
suggest that with a few adjustments the methodology can easily be adapted to other sensors.  585 
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[Insert Figure 8 around here] 587 
 588 
This is an important property of the proposed method, allowing (i) the adaptation of the processing 589 
chain to other sensors at a reasonable cost, (ii) potential improvements in the monitoring capability 590 
using a multi-sensor approach, (iii) planning the continuity of the monitoring given sensor acquisition 591 
issues (e.g. sensor malfunction, discontinuity in a sensor funding programme).  592 
 593 
Finally, the methodology could be spatially generalised.  The experiment at the African continental scale 594 
showed that the methodology is efficient for a large range of environmental conditions. 595 
In order to demonstrate this capability, additional tests were performed successfully over South 596 
America (at the continental scale) for the year 2012 (Figure 9), and over Alps based on MODIS and 597 
over Kazakhstan (figure 8) for year 2007, based on SPOT VGT.  598 
 599 
[Insert Figure 9 around here] 600 
 601 
The tests over the Alps showed that numerous false detections occur during winter time.  These are the 602 
result of the mountain‟s shadow effects that are manifested by “achromatic” pixels interpreted as water 603 
surfaces by the algorithm.  To solve this problem, both the solar angle and a digital elevation model 604 
such as the Shuttle Radar Topography Mission (SRTM) data could be used to create a dynamic mask 605 
(i.e. that will change during the seasons, according the solar angle) allowing to discard false detections. 606 
These tests show that the proposed methodology could be applied at the global scale with reasonable 607 
adjustment effort. However, one important issue is the degree of cloud cover and the number of 608 
observations that are needed to establish an effective real-time monitoring system. Figure 10 shows the 609 
spatial distribution of the annual number of valid observations computed from both Aqua and Terra 610 
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daily observations.  For those areas with less than 50 valid observations per year, it is not possible to 611 
establish a consistent monitoring system on a dekadal basis, but a consistent mapping is possible. This 612 
highlights the need for a multi-sensor approach to achieve such monitoring frequency and 613 
consequently the necessity for a sensor independent methodology as the one proposed in this study. 614 
 615 
[Insert Figure 10 around here] 616 
 617 
8. Conclusion  618 
A generic multi-temporal and multi-spectral pixel based image analysis method has been developed to 619 
to detect automatically the free water surfaces, and to monitor their seasonal variability in near-real-620 
time.  The originality of the approach consists of (i) using a compositing method that exploits all of the 621 
multi-spectral information by reducing both the BRDF and atmospheric effects while being suitable for 622 
near real time processing, (ii) using a multi-temporal colorimetric approach based on the color space 623 
transformation of the MIR, NIR and red bands in the HSV color space, which guarantees a robust and 624 
reliable image-independent discrimination between water surface and other land cover types in spite of 625 
the greater variability in the water spectral signatures, (iii) providing dynamic information about the 626 
spatial and temporal distribution of the water surfaces at the continental scale (whole Africa), and (iv) 627 
being suitable for near real time image analysis needed for early warning applications. 628 
 629 
The detection algorithm and the permanent water surface mask were both validated.  First, the ability 630 
of the proposed algorithm to perform as well as a photointerpretation of the image was assessed by 631 
applying the proposed methodology to a sample of 20.000 points of water and 20.000 points of land 632 
surface pixels collected through photo-interpretation (see section 5.1).  The results confirm that the 633 
method is as good as photo-interpretation with an overall agreement of 96.9%.  Second, the mask of 634 
permanent water surface has been validated using an independent dataset including 800 multi-temporal 635 
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sample objects from 97 natural areas throughout Africa.  The results show an accuracy of 91.5% and 636 
few commission errors.   637 
 638 
Potential applications of the proposed method have been identified, such as i) the monitoring of 639 
temporary water surfaces especially in arid and semi-arid areas, ii) the temporal characterisation of water 640 
surfaces on a dekadal basis, iii) the improvement in the correction of the atmospheric effects in remote 641 
sensing datasets, and iv) the identification of drought and flooding events in an early warning system. 642 
The limitations of the methodology as well as the limitations in the imagery were also discussed, 643 
notably regarding the topographic effect of shadowing and the spatial distribution of the number of 644 
clear observations available. 645 
 646 
The proposed methodology is generic, and preliminary tests show that it can successfully be applied 647 
with minimal effort to other sensors with similar bands.  648 
Moreover, the analysis at continental scale showed that the methodology is efficient for a large range of 649 
environmental conditions, and preliminary tests over other continents indicate that the proposed 650 
methodology could be applied at global scale if false detection due to topographic effects is accounted 651 
for.  652 
 653 
 654 
 655 
 656 
 657 
 658 
 659 
 660 
 661 
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Table 1: Confusion matrix for the validation of the detection algorithm  906 
 Water (photo-interpretation) No Water (photo-interpretation) Accuracy 
Water 18743 0 100% 
No Water 1257 20000 94.1% 
Accuracy 93.7% 100% 96.9% 
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Figure 1: Sample of water reflectance in MIR, NIR, Red bands and the corresponding HSV 934 
transformed values, for eight different lakes of the Rift Valley in Ethiopia, showing the large range of 935 
spectral signatures of the water surfaces. 936 
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 942 
    RGB     HSV   
N° 
Lake 
Name 
R 
(MIR) 
G 
(NIR) 
B 
(Red) Hue Sat Val 
1 Koka 193 841 1650 213° 0.88 1650 
2 Ziway 175 664 916 200° 0.80 916 
3 Longano 178 330 475 209° 0.62 475 
4 Abijata 191 671 1668 220° 0.88 1668 
5 Shala 193 284 297 187° 0.35 297 
6 Awasa 159 280 435 213° 0.63 435 
7 Abaya 138 1030 2041 211° 0.93 2041 
8 Chamo 129 339 902 223° 0.85 902 
n.38 
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Figure 2: Transformation from the RGB to the HSV system (Ledley et al., 1990) 951 
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Figure 3: Relationship between H and V for MODIS data showing water cluster (in blue) and other 968 
land cover types (in orange). Areas A and B show respectively the water with a low risk of confusion 969 
and the non-water group, while the overlap area (C) shows the pixels group with a risk of confusion. 970 
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n.40 
 977 
Figure 4: Comparison between the occurrence map proposed in this study (left), the MOD44W 978 
product (middle) and the Landsat images from the Landsat GeoCover mosaic (1990-2000) (right and as 979 
background for all the images ), for 4 areas: (a) Niger (5.06E,15.5N), (b) Mauritania (12.9W, 15.4N), (c) 980 
Mali (4.2W, 15.3N), and (d) Egypt (30.9E 33.1N). The colors used for the occurrence map correspond 981 
at different water occurrence in percent (see the colors table).  982 
n.41 
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 989 
Figure 5: Comparison of time series of water surface detections (1 means presence of water) for two 990 
years (2006-2007) at different locations (see Figure 4c) in the delta of Niger (Mopti area, Mali), i.e. (1) 991 
4.12W-15.30N, (2) 4.22W-15.35N, (3) 4.23W-15.35N, (4) 4.19W-15.30N, and (5) 4.24W-15.35N. 992 
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Figure 6: Comparison of the annual MODIS color composition (Mir, NIR, red) and the associated 1011 
water bodies mask over the Toshka lakes (Egypt, 23°N, 31°E) for the years 2000, 2005, and 2010. 1012 
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Figure 7: Comparison of time series of water surface detections (1 means presence of water) for five 1030 
years (2005-2009) at different locations (see Figure 4d) in Egypt (Toshka lake), i.e. (1) 30,77E-23,15N , 1031 
(2) 30.94E-23.09N, (3) 30.86E-23.10N, and (4) 30.96E-23.10N. 1032 
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Figure 8: SPOT VEGETATION based water detections over Kazakhstan (52°N, 73°E)  showing (A) 1050 
the annual 2012 VEGETATION color composition (MIR, Nir, red) and (B) the corresponding water 1051 
mask.   1052 
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Figure 9: MODIS- based water detections over three areas sites in South America: a) Bolivia (14°S, 1065 
65°W); b) Brazil (2.3°S, 65.7°W); c)Brazil (1°S, 51°W). For each area, the annual 2012 MODIS color 1066 
composition (MIR, Nir, red) and the corresponding water mask is provided.   1067 
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Figure 10: Spatial distribution of the annual number of valid observations computed from both Aqua 1084 
and Terra daily observations (from years 2010 to 2012) 1085 
